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Abstract Understanding the role of landscape heterogeneity and its inﬂuence on the scaling
behavior of surface ﬂuxes as observed by satellite sensors with different spatial resolutions is a critical
need to investigate. In this study, the effects of pixel scales on ETc estimation and other parameters
that are used to calculate ETc were investigated over different vegetation surfaces in south central
Nebraska, USA. Surface Energy Balance System (SEBS) was used to estimate spatially distributed ETc by
combining ground-based meteorological data for Landsat and MODIS imagery. The estimated surface
energy ﬂuxes were compared and validated to the measured Bowen Ratio Energy Balance System
(BREBS) ETc ﬂuxes. Validation results showed that Landsat has more preferable spatial resolution
(30 m) to map and analyze ETc; regression models explained 91% of the variability in the observed
data (RMSD 5 0.064 mm/h; MBE 5 0.04 mm/h). However, for MODIS-based ETc, the regression model
explained only 59% of the variability in observed ETc with a larger error (RMSD 5 0.17 mm/h;
MBE 5 0.15 mm/h). MODIS-based ETc was about 31% higher than the measured ETc. Imperfect
assessment in MODIS-based retrievals is due to the underlying assumption of spatial heterogeneity
and coarser sensor pixel scale (500 m), which was summarized by up-scaling the Landsat images to
MODIS images using output ﬂux aggregation and input up-scaling procedure using simple average
and nearest neighbor aggregation techniques and comparisons were made on both image and pixel
scales. Aggregation results illustrate that simple average with output ﬂux aggregation provides
close interpretation in aggregating ﬂuxes to coarser resolution than other aggregation approaches.
Pixel-by-pixel comparison using output aggregation with simple average resulted in close agreement
(error range 5%–35%) between measured and up-scaled ﬂuxes, compared to input up-scaling using
simple average (error range 25%–60%). Larger error in input up-scaling is due to the changes in the
surface roughness parameters due to aggregation in SEBS model. In addition, the magnitude of errors
in ETc estimation was observed to be a function of the heterogeneity of the land surface and evaporative elements over the study region. Comparison between up-scaled ETc at 480 m spatial resolution
with original MODIS image at 500 m showed that the output aggregation using simple average aggregation method provided closer representation of ETc at 500 m MODIS pixel resolution than the nearest
neighbor resampling method.

1. Introduction

C 2016. American Geophysical Union.
V

All Rights Reserved.

SHARMA ET AL.
Used by permission.

One of the important questions related to scaling-up of surface energy balance variables in agro-ecosystems is ‘‘how scaling and resolution potentially affect the distribution of ﬂuxes over the land surface?’’
[Gibson et al., 2000]. Representing the variation in various land use/land cover, soil, and atmospheric parameters at larger scale is difﬁcult due to the challenges of spatial heterogeneity of the land surface. Various
models have been developed to monitor land-atmosphere energy balance ﬂux interactions, where spatially
variable inputs and parameters are based on assumptions, in most cases, of the homogeneity of the land
and atmospheric surfaces and widely used in many large-scale hydrologic and water balance studies. However, the outcome of these models mostly ignores many of the small-scale interactions, smaller than the
grid cell in the model [Sridhar et al., 2003]. In reality, the assumption of homogeneity is rarely met. Therefore, necessary analysis in terms of the effect of scale in predicting the energy balances ﬂuxes at multiple
scales should be conducted to understand the physical mechanisms for various climatic, weather, and surface energy balance modeling.
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Crop evapotranspiration (ETc) is one of the most critical components of the hydrological cycle, which is very
complex and highly variable process both in space and time, especially on large scales over heterogeneous
surfaces. ETc is inﬂuenced by surface characteristics, including soil water status and vegetation height; environmental parameters such as land surface temperature, air temperature, relative humidity (vapor pressure
deﬁcit), incoming shortwave radiation, and wind speed; and other factors. Consequently, reliable accounting/balance of the water resources, availability, and distribution of earth’s water and response of vegetation
to changes in climate and water resources depends on the accurate estimation of ETc. While there are spatially discrete and highly accurate techniques available to estimate these surface energy balance ﬂuxes,
including ETc at point/ﬁeld scales (e.g., Bowen Ratio Energy Balance System, lysimeters, eddy covariance
system, scintillometers, and surface renewal) and that they provide invaluable/critical data for calibration
and validation of remote sensing/satellite-based estimates, these ground-based ﬂuxes, in some cases, need
to be scaled-up to larger scales. Satellite/remote sensing methods coupled with geographically information
system (GIS) tools enable developing, extrapolating, and mapping of the ﬂuxes to larger scales that can aid
in watershed or regional water balance analyses. The multiband satellite sensors can provide vegetation
and thermal information at different spatial, temporal, spectral, and radiometric resolution and is closely
related to energy and heat transfer processes. Several satellite/remote sensing-based empirical relationships
have been developed to determine ETc and other energy balance ﬂuxes including the Surface Energy Balance Index (SEBI) [Menenti and Choudhary, 1993], Simpliﬁed Surface Energy Balance Index (S-SEBI) [Roerink
et al., 2000], Surface Energy Balance System (SEBS) [Su, 2002], Surface Energy Balance Algorithm for Land
(SEBAL) [Bastiaanssen et al., 1998], Mapping Evapotranspiration at High Resolution with Internalized Calibration (METRIC) [Allen et al., 2007], and others. These models have been applied at local and regional scales to
estimate surface energy ﬂuxes in combination with ﬁeld and/or metrological observations. Determining the
ﬂux data from these models with individual satellite platforms has been addressed in many studies [Sharma
et al., 2015; Ma et al., 2012; Jia et al., 2009; Jiang et al., 2009]; however, the intercomparison between sensors
and subsequent effect of spatial resolution on ﬂux determination is addressed in few studies [Hong et al.,
2009; McCabe and Wood, 2006; Kustas et al., 2004].
To address the issues of spatial resolution of pixels on energy ﬂuxes, ﬁrst the consistency of energy balance
ﬂux estimation from different satellite sensors needs to be considered. For example, spatial resolution of
remotely sensed ETc and other energy balance ﬂuxes depends on the speciﬁcation of satellite sensors,
which further depends primarily on the scale of the study area to be analyzed. For large study area, it is difﬁcult to obtain high-resolution imagery on a continuous basis, but in many cases, the high-resolution products are not easily available due to low temporal variability, cloud cover, and high costs. On the other hand,
low-resolution remote sensing data such as Advanced Very High Resolution Radiometer (AVHRR) and Moderate Resolution Imaging Spectroradiometer (MODIS) product cannot consider the heterogeneity of land
surface characteristics, which may result in potential error in ﬂux estimation. Spatial resolution/scaling is
also considered as the important component in the validation of remote sensing algorithms [Ershadi et al.,
2013; Hong et al., 2009; Liang, 2005; Brunsell and Gillies, 2003; Sridhar et al., 2003; Su et al., 1999]. Major limitations to this approach may include the issue of scaling of the satellite measurements, i.e., comparison of
measurements at varying scales. For example, point/ﬁeld measurement can and should be used to validate
the ﬁne-resolution products such as Landsat (spatial resolution 5 30 m), but such measurements may not
be directly applicable to validate the high-resolution product from MODIS (spatial resolution 5 250, 500,
and 1000 m), AVHRR, etc. (spatial resolution 5 1000 m), due to scale discrepancy between point measurement and coarse spatial resolution. Therefore, to validate the coarser resolution data, the Landsat product
was scaled-up and this can be done by using different aggregation methods.
Aggregation of remotely sensed variables becomes more complicated when dealing with the heterogeneity
of the land surface [Famiglietti and Wood, 1994; Giorgi, 1997; Su et al., 1999; Brunsell and Gillies, 2003; Sridhar
et al., 2003; Brunsell, 2011] because of the nonlinearity in surface energy balance ﬂuxes at the landatmosphere interface. During the aggregation process, the original spatial data are reduced to a smaller
number of data units (less number of pixels) [Bian and Butler, 1999]. As a result, each aggregated data unit
represents the larger pixel than the original image. Some studies reported the up-scaling process of data
[Nellis and Briggs, 1989; Lam and Quattrochi, 1992; Vieux, 1993; Zhang and Montgomery, 1994; Bian and Butler, 1999]. Moran et al. [1997] evaluated the effect of radiance aggregation on temperature and sensible
heat over semiarid rangeland of Arizona and observed large errors as over 50% in the sensible heat
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estimates, and they indicated that the large errors are mainly due to variation (nonlinearity) in atmospheric
stability and aerodynamic roughness over heterogeneous land surfaces. However, Liang [2000] concluded
that spectral reﬂectance was basically linear from 30 m to 1 km. They averaged the remotely sensed reﬂectance over 1 km scale. Another study conducted by McCabe and Wood [2006] used Landsat (60 m),
Advanced Space borne Thermal Emission and Reﬂection Radiometer (ASTER) (90 m), and MODIS (1020 m)
independently to estimate ETc over Walnut Creek watershed in Iowa. They further compared these remote
sensing estimates against the eddy covariance ﬂux measurements. The Landsat and ASTER-based retrievals
were aggregated to MODIS scale to analyze the span of scale from point measurement to MODIS scale and
intercompared with aggregated ETc estimates. They reported a higher degree of consistency with Landsat
and ASTER ETc estimates; however, due to heterogeneity in land surface MODIS-based ETc, estimates were
not consistent with ground measurements.
Long et al. [2011] found that input aggregation of Landsat data to coarser resolution maintain the spatial
mean. Since the total number of pixels is reduced in the process of data aggregation, it may change the statistical and spatial characteristic of data; the statistical distribution of the sampled data may deviate from
original data set and tends to reduce the spatial correlation at coarser resolution [Bain, 1997; Bian and Butler,
1999; Carmel, 2004]. Hong et al. [2009] used simple average and nearest neighbor aggregation methods to
up-scale the ﬂux from Landsat 30 m to MODIS 1000 m resolution. They reported that simple average and
nearest neighbor aggregation methods preserve the mean value of the original image, however, nearest
neighbor aggregation method performed better by preserving the spatial variability of the ETc. Studies conducted by Vieux [1993], Zhang and Montgomery [1994], Seyfried and Wilcox [1995], and Carmel [2004]
pointed out that the data accuracy has been signiﬁcantly increased by reduction of spatial resolution with
respect to original ﬁne-resolution image. On the other hand, some studies also concluded that aggregation
to low spatial resolution results in a loss of information that may be valuable for certain applications [Mo
et al., 2009; Schoorl et al., 2000], but some aggregation methods can retain the statistical characteristics of
the original data [Bian and Butler, 1999]. Despite some studies, the impact(s) of scaling up or scaling down
the ﬂux data on the accuracy of ETc estimates is not well understood, and the potential variation in ETc estimation error with scaling-up or scaling-down process for various surfaces has not been studied sufﬁciently.
The main objectives of this study were: (i) to analyze the ability of Surface Energy Balance System (SEBS)
method for Landsat and MODIS satellite to estimate ETc over different vegetation surfaces in subhumid/
semiarid transition zone in central NE and its validation with ground measurements, (ii) up-scaling/aggregation of Landsat 30 m resolution ETc values by simple average, nearest neighbor to larger scales (60, 90, 120,
150, 240, 360, 480, 600, 750, and 1000 m), and (iii) to investigate the effect of aggregation on spatial distribution of energy balance ﬂuxes and potential error associated with the aggregation process.

2. Materials and Methods
2.1. Study Area
The study was conducted in south central Nebraska (Latitude 398590 39.47200 N–418240 24.8000 N and
968580 37.25500 W–988430 22.81500 W (Figure 1)). The total geographical area of the study area is approximately
16,959 km2 with the statewide-dominant soil type of silt loam soils. The surface elevation varies from 388 m
above mean sea level in the south-southeast to 647 m in the north-northwest portion of the state. The
study site is in a transition zone between subhumid and semiarid climate with a mean annual and seasonal
precipitation of 680 and 470 mm, respectively. The long-term average air temperature ranges from 258C in
January and December to 258C in July. The land use of the study area is highly heterogeneous and has relatively diverse cropping systems. Land cover classiﬁcations of the study region mainly comprise of rainfed
and irrigated maize, soybean, sorghum, winter wheat, alfalfa, deciduous forest, grassland, and water bodies
(Figure 1).
To evaluate the performance of SEBS, Landsat, and MODIS-derived ETc, estimates were ﬁrst compared with
ground measurements obtained from the Bowen Ratio Energy Balance System (BREBS) that have been
operating over rainfed grass canopy at location BREBS-3, and winter wheat at location BREBS-3 for 2009.
The MODIS-based ETc estimates were validated for winter wheat (BREBS-1) and irrigated maize (BREBS-5)
locations for 2009. The BREBS-1 is located at the University of Nebraska-Lincoln South Central Agricultural
Laboratory (SCAL) near Clay Center, NE. The soil at the BREBS-1 site is well-drained Hasting silt loam with a
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Figure 1. (a, b) Detailed land use map and (c, d) percentage of area of each land use type in south central Nebraska (study area) and small representative area (42 km 3 46 km),
respectively.

ﬁeld capacity of 0.34 m3/m3 and wilting point of 0.14 m3/m3. In 2008, winter wheat was planted on 3 October and was harvested on 9 July. At BREBS-5 location, irrigated maize was planted under no-till conditions.
BREBS-3 is a rainfed grassland ﬁeld of approximately 70 ha in size and contains primarily buffalo grass (Bouteloua dactyloides Nutt) and tall fescue. It is a native grassland ﬁeld established in 1980 [Irmak, 2010]. All
sites are a part of a larger Nebraska Water and Energy Flux Measurement, Modeling, and Research Network
(NEBFLUX) [Irmak, 2010] that operates 11 BREB and eddy covariance systems over surfaces ranging from
subsurface drip and center pivot-irrigated and rainfed maize and soybean rotation under no-till and disk-till
practices; irrigated and rainfed grasslands; irrigated alfalfa; irrigated seed maize/cover crop rotation;
phragmites-dominated cottonwood and peach-leaf willow riparian zone; rainfed winter wheat; and other
surfaces since 2004. The ﬂux towers measure all surface energy balance components, including latent heat
ﬂux (ETc), soil heat ﬂux (G), sensible heat ﬂux (H), and net radiation (Rn). Detailed characteristics of the
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instrumentation, experimental setup, measurement details, soil and crop and management practices, and
other information for each NEBFLUX tower site are provided in Irmak [2010]. To study the impact of scaling
on ETc, smaller representative area 42 km 3 26 km at the western part of the study area was selected (Figure 1). Two different dates (30 May and 2 August) during the growing season of 2009 were selected to study
the impact of aggregation on ETc. On these dates, high-quality and cloud-free images were available. The
30 May 2009 image represents the beginning of the growing season with low vegetation growth while 2
August 2009 images represents the full vegetative cover and is usually associated with the mid-growing
season.
2.2. Satellite Data
Cloud-free and geo-rectiﬁed for systematic terrain-corrected Landsat 5 (L5) Thematic Mapper (TM), Landsat 7 (L7) Enhanced Thematic Mapper Plus (ETM1), and Moderate Resolution Imaging Spectroradiometer (MODIS) Terra images for the 2009 growing season were used in the analysis. A total of 11
Landsat images for the Path 29-Row 31 and Path 29-Row 32 and 13 MODIS images were used in the analysis. All images were obtained from the Earth Resources Observation and Science Center (EROS), USGS,
and NASA Level 1 and Atmosphere Archives and Distribution Systems (LAADS). The scan line correction
for L7 band 5 data set was carried out using the neighborhood function with 5 m 3 5 m pixel majority
function. For both Path 29-Row 31 and Path 29-Row 32 images, neighborhood gap ﬁlling technique
does not affect the pixels surrounding the BREBS station, as there were no missing pixels. For MODIS
image analysis, calibrated radiance (MOD-02) for bands 1–7 at 500 m resolution was used to calculate
the radiance and reﬂectance for bands 1–7. However, band 5 was ignored in the calculation due to systematic striping present in this band 5. MOD-L2 product version 5 was used to calculate the land surface
temperature (LST) at the satellite overpass times. This product is further used to calculate net radiation
and sensible heat ﬂux in SEBS model. To geo-register the MOD-02 and MOD11-L2 products, MOD-03
geolocation ﬁle was used. This ﬁle contains the geodetic coordinates, solar zenith angle, and sensor view
angle for the images. In the analysis, the maximum sensor view angle of 158 was used to avoid the pixel
deformation. The Model Maker Tool of ERDAS imagine processing software (Lecia Geosystems Geospatial Imaging, LLC) was used to code the SEBS algorithms, which subsequently was used to process the
Landsat and MODIS images and to check the performance of SEBS algorithms under different vegetation
surfaces.
Meteorological data, including hourly air temperature, wind speed, and relative humidity, which were used
in SEBS model, were taken from the Clay Center and Central City weather stations, which are part of High
Plain Regional Climate Center (HPRCC) Automated Weather Data Network (AWDN). For Landsat images, all
images were processed separately for Path 29-Row 31 and Path 29-Row 32 using the weather data from
Central City and Clay Center weather stations, respectively, and ﬁnal ETc images were than mosaicked
together. The digital number (DN) of the images was converted to top of atmosphere radiance and reﬂectance values using methodology suggested by Chander and Markham [2003] and Chander et al. [2007]. In all
cases, emissivity and albedo values were calculated using Landsat and MODIS products. The normalized difference vegetation index (NDVI) was computed using the infrared (band 4) and red (band 3) band reﬂectance [Sobrino et al., 2004]. Subsequently, the leaf area index (LAI) was calculated from NDVI data [Fisher
et al., 2008] and was used as input for the SEBS model. An iterative procedure was used to calculate the sensible heat ﬂux following the procedures outlined by Su [2002].
2.3. Surface Energy Balance System (SEBS)
Surface Energy Balance System (SEBS) [Su, 2002] was used for the estimation of surface energy ﬂuxes using
satellite data in combination of meteorological data. SEBS model relies on physically based approach as a
principle algorithm for partitioning the available energy ðRn2GÞ between ETc and H as:
kETc5 Rn2G2H

(1)

where Rn is the surface net radiation (W/m2), G is the soil heat ﬂux (W/m2), H is the sensible heat ﬂux
(W/m2), kETc is the latent heat ﬂux (LE or actual evapotranspiration, ETc; W/m2), and k is the latent heat
of vaporization (J/kg). In equation (1), the energy for the photosynthesis process and other heat storage
terms are considered relatively small and hence neglected. The main input data to the SEBS includes land
surface albedo (aÞ, emissivity (Þ, land surface temperature (T), LAI, and NDVI, which were calculated from
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spectral reﬂectance and radiance for both Landsat and MODIS products [Chander and Markham, 2003;
Chander et al., 2007] as mentioned previously. Other inputs consisting of air pressure (P), air temperature
(Ta), relative humidity (RH), incoming shortwave radiation (Rs), and wind speed at 2 m height (u2, were
obtained from the HPRCC weather stations located at Clay Center and Central City, NE.
One of the main variables used in the land-atmosphere interaction is the Rn, which was computed for each
pixel as a difference between downward and upward radiation ﬂuxes at the land surface both in shortwave
and long-wave domains:
Rn5ð12aÞ  Rswd 1Rlwd 2r  e  Ts4 2ð12eÞ  Rlwd

(2)

Rn5ð12aÞ  Rswd 1e  Rlwd 2r  e  Ts4

(3)

where, a 5 land surface albedo, Rswd 5 downward shortwave radiation ﬂux (W/m2), Rlwd 5 downward longwave radiation ﬂux (W/m2), e 5 emissivity of the surface, r 5 Stefan-Bolzmann constant (5.678 3 1028
W/m2/K4), and Ts 5 satellite-derived surface temperature.
All components used in radiation balance were calculated using the procedures described in Su et al.
[1999], Samani et al. [2007], and Vinukollu et al. [2011]. On a regional scale, G is generally not available.
Thus, an empirical parameterization of the ground heat ﬂux based on Rn and vegetative fraction is used
to estimate G. Equation developed by Singh et al. [2008] and Irmak et al. [2011] based on the extensive
soil heat ﬂux measurements obtained from NEBFLUX [Irmak, 2010] at the University of Nebraska-Lincoln,
South Central Agricultural Laboratory (SCAL) near Clay Center, NE, which is a part of our study region,
was used in the analysis:
G
5ð0:3811exp ð22:3187NDVIÞÞ
Rn

(4)

In SEBS, to determine the evaporative fraction, the actual sensible heat ﬂux was calculated using two limits:
(i) sensible heat at wet limit (Hwet Þ and (ii) sensible heat at dry limits (Hdry Þ, and the model interpolates the
evaporative fraction between these limits. Sensible heat was calculated by Broyden method using the
Monin-Obukhov Similarity (MOS) theory [Monin and Obukhov, 1954]. Calculation of sensible heat by this
method requires the wind speed at near surface (at 2 m height), temperature, and Monin-Obukhov length
by simultaneously solving for the stability functions through an iterative process. The wind speed is
derived from atmospheric conditions that are characterized by frictional velocity, canopy roughness
length, both for momentum and heat transfer at the blending height, which was set to be 200 m for the
analysis in this study [Wang et al., 2008]. The blending height is deﬁned as the height at which the ﬂow is
approximately in equilibrium with local surface and is independent of horizontal position [Wieringa, 1986;
Mason, 1988]. The similarity relationships for the proﬁles of mean wind speed and mean temperature can
be expressed as:
 



z 
u
z2 do
z2 do
om
(5)
2 Wm
ln
1 Wm
u5
k
zom
L
L
 



z 
H
z2 do
z2 do
om
Ts 2Ta 5
(6)
2
W
ln
1
W
h
h
zoh
L
L
ku qCp
where, z is the height above the surface, u 5 ðso =qÞ1=2 is the friction velocity, so is the surface shear stress,
q is the density of air, k is von Karman’s constant, do is the zero plane displacement height, q is the air
density, Cp is the speciﬁc heat of air at constant pressure, Ts is the potential temperature at the surface, and
Ta is the potential air temperature at height z. The zom is the roughness height for momentum transfer, zoh
is the scalar roughness height for heat transfer, Wm and Wh are the stability correction functions for momentum and sensible heat transfer, respectively, which were calculated using Paulson [1970] and Webb [1970]
formulation, and L is the Obukhov length, which is deﬁned as:
L5 2

qCp u3 hv
kgH

(7)

where g is the acceleration due to gravity, and hv is the virtual temperature near the surface. The frictional
velocity (u*) in equations (5) and (6) was calculated as:
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u 5

kub
oÞ
ln ðzbz2d
2wm
om

(8)

where ub is the wind speed at blending height zb, and do is the zero displacement height and was determined from the empirical relation given by Brutsaert [1982] based on crop height (do 5 0.67 h).
Roughness length of the land surface for momentum transfer zom is a critical variable and determines the
height of momentum exchange between the land surface and the atmosphere. zom was calculated considering the height and density using the land use map together with the information provided by LAI and referenced to the associated zom of principle land cover categories of the land use map of Center of Advanced
Land Management Information Technology (CALMIT) at the University of Nebraska-Lincoln. Other models
have been developed to estimate zom using canopy structure [Raupach, 1992, 1995; Massman, 1999], but
due to unavailability of canopy structure and canopy aerodynamic properties, these models are difﬁcult to
apply at regional scales. In remote sensing, zom is often calculated using NDVI, which can be derived from
energy balance models, however, both the density and height of surface canopy have inﬂuence on roughness length, while NDVI partly reﬂect the density of the vegetation canopy [Su, 2002]. Roughness height for
heat transfer (zoh) is an important parameter in the estimation of heat transfer between the land surface
and the surrounding atmosphere. It is a function of surface characteristics, thermal state of the surface, and
atmospheric ﬂow, which can be derived as:
zoh 5

zom
exp ðkB21 Þ

(9)

where kB21 is a dimensionless heat transfer coefﬁcient, which is the inverse Stanton number. In SEBS, an
extended model of Su [2002] that consists of three terms used to estimate the kB21 as follows:
  
zom
u
k
uðhÞ
h
kCd
2
2

kB21 5
12f
f
1KB21
(10)
f
2n
c
s
ec
c
s fs
Ct
4Ct uuðh Þ 12e 2
The ﬁrst term in equation (10) physically and geometrically follows the Choudhury and Monteith [1988]
model for full canopy, the second term accounts for the interaction between the vegetation and soil surface, and the third term is for the bare soil surface value given by Brutsaert [1982]. In this equation, Cd is the
drag coefﬁcient of the foliage with a value of 0.2; Ct and Ct* are the heat transfer coefﬁcients of the leaf and
soil, respectively; nec is the within-canopy wind speed proﬁle extinction coefﬁcient, fc and fs are the canopy
and soil fraction coverage, respectively, and u(h) is the horizontal wind speed over the canopy surface (m/s).
SEBS used an iterative process to calculate the sensible heat, which was then scaled-up between hypothetical dry and wet limits based on the relative evaporation concept to adjust the sensible heat. After the estimation of sensible heat ﬂux, instantaneous ETc was calculated using the scaled H between dry and wet
limits based on the relative evaporation process [Su, 2002; Su et al., 2005]. Daily ETc24 was then calculated
using the average daily Rn, daily soil heat ﬂux (assuming G24 5 0), and evaporative fraction (KÞ :
ETc24 58:54  107  K 

ðRn24 2G24 Þ
kqw

(11)

where, ETc24 5 daily crop ET (mm/d), Rn24 5 daily net radiation (W/m2), G24 5 daily soil heat ﬂux (W/m2),
k 5 latent heat of vaporization (J/kg), and qw 5 density of water (kg/m3).
2.4. Aggregation Process
To understand the consistency in ﬂux estimation at different scale, Landsat-based ﬂuxes were aggregated
to 60, 90, 120, 150, 240, 360, 480, 600, 750, 900, and 990 m. Simple average and nearest neighbor resampling techniques were used to examine the inﬂuence of choice of aggregation. Simple average resampling
procedure calculates the arithmetic mean over an n 3 n window. This method smoothes the original values
and therefore produce a tighter histogram than the original data. For nearest neighbor, the values of the
aggregated pixel are the value from the ﬁne-resolution pixel that lies at the centroid of the coarse pixel. The
advantage of nearest neighbor is that unlike simple average, the output values are original input values,
and it is easy to compute and fastest to use, however, the output image has rough appearance relative to
original image [Dodgson, 1997; Bian and Butler, 1999; Hong et al., 2009; Ershadi et al., 2013]. All aggregation
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techniques were processed in ERDAS
Imagine. For up-scaling approach, two
methods were adopted. First, the output ﬂux aggregation method was
used, where SEBS was applied to the
original Landsat image to estimate ETc
and then aggregating the output ﬂux
to low resolution. In second method,
the Landsat input radiance was aggregated to low resolution and then processed in the SEBS models. The
evaluation of each aggregation
method is done by comparing the
aggregation results with the corresponding values at the original 30 m
resolution at image scale and the ﬁeld
measurement at point scale. For input
aggregation described above, only
simple average aggregation method is
used to up-scale the ﬁne-resolution
original radiance product to coarser
resolution (MODIS scale). However, for
output ﬂux aggregation, simple average and nearest neighbor aggregation
methods were used.
Rainfed Grass

Winter Wheat

Irrigated maize

3. Results and Discussion

Figure 2. Comparison of SEBS (a) Landsat and (b) MODIS-estimated versus BREBS
measured instantaneous crop evapotranspiration (ETc, mm/h) for rainfed grass
(BREBS-3), winter wheat (BREBS-1), and irrigated maize (BREBS-5) sites (data from
NEBFLUX) [Irmak, 2010].

3.1. Measured Versus Estimated
Surface Energy Fluxes
A comparison of satellite-based retrievals with ground measurement data
offers an imperfect assessment of satellite retrievals because of various inﬂuential factors, including the representativeness of the sensor pixel scale, sensor accuracy, and measured versus estimated variables
[Schuepp et al., 1990]. In order to check the consistency of SEBS performance for different satellite sensors,
SEBS-derived Landsat and MODIS-based ETc estimates were ﬁrst evaluated against ETc observations from
BREBS towers [Irmak, 2010] (Figure 2). BREBS tower records data at 1 h increments, so to validate the
satellite-derived ETc at satellite overpass time (11:30 A.M. to 12:00 noon), BREBS tower measurement at
12:00 noon, Central Standard Time (CST) was used in this study. The BREBS approach estimates ETc with its
source area determined by the height of the tower and adequate fetch [Irmak, 2010]. Fetch was adequate
at all the sites. For example, BREBS-1 was installed on a 13.8 ha subsurface drip irrigated ﬁeld with a fetch
distance of 530 m in the north-south direction and about 280 m in east-west direction. The dominant wind
direction is usually from south during the summer months in the study sites. Detailed descriptions of the
sites, instrumentation characteristics and heights, and measurement details are presented by Irmak [2010].
For comparison, the instantaneous value of the surface energy balance ﬂux from SEBS was calculated by
averaging the 3 3 3 pixels (nine 30 m pixels) surrounding the BREBS tower. The validation results were
assessed for each of the selected vegetation surfaces (rainfed grassland, rainfed winter wheat, and irrigated
maize). The R2, root-mean-square difference (RMSD), and mean bias error (MBE) were used to assess the
error associated with each component. In next step, difference between Landsat (30 m) and MODIS (500 m)
satellite sensors were evaluated. Different ETc maps were created for two selected dates (30 May and 2
August) in 2009, representing the different growth stages (Figure 3).
In general, a strong correlation with Landsat-based ETc estimates and the underlying surface was observed,
with patterns of ETc strongly related to the land use type (Figure 2a). For Landsat, the comparison of SEBSestimated and measured ETc at the satellite overpass time was made for rainfed grass and winter wheat
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Figure 3. ETc difference map between SEBS-derived Landsat (30 m) and MODIS (500 m) on 30 May 2009 and 2 August 2009.

surface. A total of 16 data points were used in the analysis. The regression models explained 91% of the variability in the observed data with RMSD of 0.064 mm/h and MBE of 0.04 mm/h. The variation in ETc possibly
reﬂects the different stages of vegetative growth of rainfed grass and winter wheat. When analyzed separately for different vegetative surfaces, higher R2 of 0.95 (RMSD 5 0.05 mm/h; MBE 5 0.03 mm/h) and 0.97
(RMSD 5 0.07 mm/h; MBE 5 0.06 mm/h) was observed between the Landsat SEBS-derived ETc with BREBS
measurement for rainfed grass and winter wheat, respectively (Table 1). Similar results were observed by Su
[2002] over the shrubs and grass surface and with RMSD of 82.79 W/m2 for shrubs and 61.3 W/m2 for grass.
Ma et al. [2012] tested the performance of SEBS model using 16 Landsat images over Coleambally irrigation
area and reported a good correlation between estimated and observed ETc with an R2 5 0.95
(RMSD 5 0.74 mm/d) and absolute percent difference of 7.5%.
For comparison, the MODIS-based ETc retrievals were validated with the BREBS-1 data for winter wheat surface and BREBS-5 no-till irrigated maize surface (Figure 2b). The comparison between MODIS instantaneous
ETc estimates versus measured values from BREBS illustrates an imperfect correlation between the two. The
regression model explains 59% of the variability in observed ETc with higher RMSD of 0.17 mm/h and MBE
pf 0.15 mm/h. On an average, MODIS-based ETc was 31% higher than the BREBS-measured ETc. This difference between the measured and estimated ETc may be attribute to the inﬂuence of topography and the
size of domain (i.e., sensor pixel scale). Similar performance results were reported by other studies. McCabe
and Wood [2006] reported a general tendency of overprediction by SEBS-based ETc estimates using Landsat,
ASTER, and MODIS satellite images, and reported a correlation coefﬁcient of 0.71, 0.74, and 0.63, respectively. Wang et al. [2006] used surface temperature (Ts) versus NDVI spatial variation method to estimate
evaporative fraction (EF) using MODIS products with a bias of 20.002, RMSD of 0.106, and R2 of 0.61 based
on ground observations collected at the southern Great Plains of the United States. Another study used
interpolation in the DTs-NDVI triangular-shaped scatter space to estimate EF validated over the North China
Plain, using Fengyun-2C data products in combination of MODIS satellite product, reported bias, RMSD, and
R2 of 20.017, 0.14, and 0.55, respectively [Shu et al., 2011]. It is important to note that the bias between the
observed and estimated ETc resulted from numerous factors, such as the underlying surface, growth stage
of underlying vegetation, energy balance model assumptions, and ground truth method.
When regression models were developed for individual vegetative surfaces, higher-correlation R2 5 0.85
with RMSD 5 0.11 mm/h and MBE 5 0.09 mm/h was observed for irrigated maize located at BREBS-5 site
(Table 1). Higher correlation may be attributed to the homogeneous surface at the BREBS-5 location (Figure 1).
Careful analyses of vegetative surface around BRESB-5 location have showed that most of the surrounding
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Table 1. Comparisons Between SEBS-Estimated and BREBS-Measured Surface Energy Balance Fluxes for Landsat and MODIS Satellite for
Rainfed Grass, Winter Wheat, and Irrigated Maizea
Number
1
2
3
4
a

Vegetation

Satellite

n

Regression Model

R2

RMSD (mm/h)

MBE (mm/h)

Rainfed grass
Winter wheat
Irrigated maize
Winter wheat

Landsat
Landsat
MODIS
MODIS

8
8
9
8

yrainfed grass 5 1.3105x 2 0.0959
ywinter wheat 5 0.7499x 1 0.1318
ymaize 5 1.1956x 1 0.0152
ywinter wheat 5 0.445x 1 0.3437

0.95
0.97
0.85
0.65

0.05
0.07
0.11
0.22

0.03
0.06
0.09
0.21

n 5 number of observations (images); R2 5 coefﬁcient of determination; RMSD 5 root-mean square difference.

ﬁelds are also of maize and soybean at similar growth stage. This homogeneity in land use at BREBS-5
location results lesser bias in ETc measurement at 500 m MODIS resolution. However, at BREBS-1 location,
the correlation between the measured and MODIS estimate shows an average relationship with R2 5 0.65
(RMSD 5 0.22 mm/h and MBE 5 0.21 mm/h). At BREBS-1 location, the MODIS-based ETc was about 53%
higher than actual BREBS measurement. The higher bias at BREBS-1 location may be due to complex terrain,
resulting in heterogeneity of the landscape surrounding winter wheat ﬁeld in 2009 and the pixel area
extends beyond the scale of the ﬁeld under consideration and covers the surrounding ﬁelds. Most of the
surrounding ﬁelds were maize, soybean, and alfalfa (Figure 1). Furthermore, at the end of the May, winter
wheat had full canopy cover and greater water use (between booting and ﬂowering stages). However,
water use starts decreasing after ﬂowering stage and approximately 4 weeks after peak water use, winter
wheat reaches its full physiological maturity and is usually ready to be harvested. At the same time, maize
and soybean in surrounding ﬁelds were just planted or emerged, with low ETc values. This heterogeneity in
land covers at BREBS-1 at 500 m resolution appears to create more bias in the ﬁnal estimation of ETc from
MODIS satellite under the conditions studied. A heterogeneous surface inﬂuences the surface optical properties (albedo and emissivity), the fraction of absorbed photosynthetically active radiation, the transpiration
rate, and surface energy budgets [Guillevic et al., 2012]. For example, at the BREBS-1 location, winter wheat
ﬁeld is surrounded by other vegetation, and resulted in a higher temperature difference, and hence in an
overestimation of ETc. It is also important to note that the ETc estimates derived from Landsat and MODIS
depend on the uncertainty and bias from models itself (SEBS in this study) as well as measurement uncertainty of the model inputs. Comparison between the spatial distribution of ETc from Landsat and MODIS
sensors versus BREBS ETc clearly suggested the inability of MODIS sensor to accurately characterize ﬂuxes
due to coarser resolution. However, the high temporal resolution of MODIS satellite can provide valuable
data for assessing the current land cover and land use changes.
To investigate the spatial variation in Landsat and MODIS-based ETc over heterogeneous surfaces, two
scenes of Landsat and MODIS imagery representing different growth stages were selected in 2009 (30 May
2009 and 2 August 2009) and difference maps were created. Difference map refers to pixel-by-pixel difference between Landsat and MODIS ETc estimates (Figure 3). Brown color pixel represents the location where
MODIS-derived ETc was greater than Landsat-derived ETc and blue color pixel represents where Landsatbased ETc was greater. Basic Statistics (mean and standard deviation (SD)) allow quantitative means of comparison and evaluation. Positive and negative differences between two images tend to cancel each other in
these calculations since they occur in opposite direction. Therefore, mean and SD of each difference images
were calculated based on the absolute difference between Landsat and MODIS-based ETc. On an image
scale, the average absolute difference of 1.04 mm/d (SD 5 0.85 mm/d) and 1.03 mm/d (SD 5 0.77 mm/d)
was observed on 30 May 2009 and 2 August 2009, respectively. On 30 May 2009, the majority of the area
had between 0 and 2 mm/d or higher difference, representing higher Landsat-derived ETc. However, in
northwestern part of the image along the Platte River, MODIS-derived ETc was higher than Landsat-based
ETc (negative difference) due to mixed pixel across that area. Higher positive difference at central and
southern part of the image might be due to under estimation of SEBS-derived ETc for MODIS sensor
because of homogeneity of land use across that area. On 2 August 2009, about 80% of the total image area
had 0–2 mm/d difference, with some areas showing higher MODIS-derived ETc as compared to the
Landsat-based ETc (Figure 3, green color). These higher and lower ETc differences might be due to the combination of subtraction of larger pixel ETc values from the Landsat 30 m based pixel, mixed pixel across the
image, and disagreement in image georeferencing between Landsat and MODIS images. In general, the satellite image has a geo-referencing difference of a size of one or two pixels which can cause abrupt changes
in ETc at the boundaries as was also observed by Eugenio and Marques [2003] and Hong et al. [2009]. Also,
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geo-referencing match between images from different satellite sensors produce more error than those
obtained from the same sensors. Results presented in this study are consistent with Hong et al. [2009], they
reported the absolute difference map between Landsat (30 m) and MODIS (250 m) images near Middle Rio
Grande Basin for 16 June 2002 and 14 September 2002. Their results stated that the larger difference pixels
between over the study area were due the difference in spatial resolution between Landsat and MODIS sensors and surface heterogeneity over the study area.
3.2. Aggregation Effect
A common practice to analyze the effect of scaling behavior over the heterogeneous surfaces is to aggregate the ﬁne-resolution data to coarser solution [Kustas et al., 2004]. Due to heterogeneity, one intuitively
expects that the limit of ﬂux discrimination should approach the dimensions of the average ﬁeld [McCabe
and Wood, 2006]. To understand this, Landsat images were aggregated to larger scales of 60, 90, 120, 150,
240, 360, 480, 600, 750, 900, and 990 m. Spatial distribution and its statistical features (histogram) were evaluated and compared among different aggregation procedures both on image and pixel scale. In output
aggregation, SEBS-derived Landsat 30 m ETc product was aggregated to coarser resolution using simple
average and nearest neighbor resample techniques. The resultant aggregated ETc map may represent the
best estimate of ETc at the coarser resolution, since the aggregated ETc was derived directly by aggregation
of the ﬁne-resolution ETc data. In input-aggregation, Landsat input radiance was aggregated to coarser
resolution and then processed in the SEBS models to calculate ETc. A small representative area of 42 km 3
46 km was selected from the study area, which contains 1601 3 1401 pixels (n 5 2,243,001) for Landsat and
85 3 97 (n 5 8245) pixels for MODIS scale to evaluate the effect of resolution on ETc estimates. Following
sections discuss the spatial variability, basis statistics, and error associate in ETc and associated components
at aggregated resolutions.
3.3. Output Aggregation Effect
3.3.1. Image-Scale Error
To study the impact of output aggregation on ETc retrievals at image scale, SEBS-derived Landsat-based ETc
at 30 m pixel resolution was aggregated to a coarser resolution using simple average and nearest neighbor
aggregation methods. The spatial distribution of daily ETc was evaluated and compared for two aggregation
methods across ﬁve different resolutions (30, 120, 240, 480, and 990 m). These resolutions were selected as
240, 480, and 990 m which are closest to the nominal 250, 500, and 1000 m resolution of MODIS 8 day average MODIS (MOD-09), radiance (MOD-02), and daily Land surface temperature (MOD11-A1) products,
respectively. However, for statistical analysis and evaluation of the aggregation transfer errors associated
with the aggregation, additional resolutions of 60, 90, 150, 360, 600, 750, and 900 m were also used in the
analysis. The spatial variation of ETc at aggregated resolutions along with histogram analysis and descriptive
statistic using simple average and nearest neighbor resampling techniques were analyzed on 30 May 2009
and 2 August 2009 (Figures 4 and 5). These dates were selected to represent two different growth stages:
one at the beginning of the growing season (30 May 2009) and other when plants had full canopy closure
(2 August 2009). Spatial distribution of ETc clearly shows high transpiration rate on 2 August 2009 (about
90% of the image area) relative to 30 May 2009. At this time of the year, maize and soybean (predominant
cropping systems in the study area) are usually in the middle of the growing season and crop reach their
full canopy cover with substantially greater ETc rates, with daily average rate of 7.81 mm/d (SD 5 2.04 mm/d).
In May image, higher ETc rates were mostly observed in alfalfa ﬁelds and the riparian vegetation along the
Platte River in the north-west part of the image. At this time of the year, maize and soybean (predominant
cropping systems in the study area) are usually at the beginning stage of the growing season and transpiring
at low rates. On an image scale, the average ETc of 3.96 mm/d (SD 5 2.05 mm/d).
Even though there is signiﬁcant loss of spatial detail with the increase in resolution, the overall spatial distribution of ETc over aggregated scales were consistent with the original Landsat 30 m ETc. For both simple
average and nearest neighbor resampling methods, the frequency of histogram distribution decreases with
the increase in the spatial resolution. However, with simple average aggregation method, there is change in
the shape and pattern of the histogram at coarser resolution as compared to the nearest neighbor method.
On 30 May 2009, the histogram peaked at 2.58, 2.62, 2.66, and 2.62 mm/d at 30, 120, 240, and 480 m resolutions, respectively; however, this peak shifted toward higher ETc of 3.29 mm/d at 990 m resolution when
aggregated using simple average aggregation. At 990 m pixel resolution, the frequency of the pixels having
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Figure 4. Spatial variation of ETc along with histogram distribution (bin size 5 1 mm/d) of original 30 m Landsat image and at aggregated spatial resolution of 120, 240, 480, and 990 m
from output ﬂux up-scaling on 30 May 2009 using simple average and nearest neighbor resampling technique.

2–3 mm/d ETc decreased, but the frequency of the pixels having 3–4 mm/d ETc increased when using simple average resampling technique. This shift in the peak value might be due to the mixed pixels across the
Platte River and near the USDA Meat Animal Research Center land area near Clay Center, NE.
At higher resolution, the low ETc pixels were easily mixed with the high ETc pixels when applying the simple
average aggregation method. However, no change in histogram peak was observed when aggregated
using nearest neighbor aggregation resampling method since nearest neighbor preserve the original data.
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Figure 5. Spatial variation of ETc along with histogram distribution (bin size 5 1 mm/d) of original 30 m Landsat image and at aggregated spatial resolution of 120, 240, 480, and 990 m
from output ﬂux up-scaling on 2 August 2009 using simple average and nearest neighbor resampling technique.

The peak of histogram on 30 May 2009 using nearest neighbor aggregation method was between 2.3 and
2.6 mm/d. Similar observation existed on 2 August 2009, with ETc values more skewed toward higher ETc
values. The peak ETc on 2 August 2009 was in the range of 9–10 mm/d; however, this peak changed to
8–9 mm/d at 480 and 990 m spatial resolution when aggregated using simple average resampling technique. Similar to 30 May 2009 ETc distributions, no change in the histogram pattern was observed when
aggregated using the nearest neighbor resampling method, with peak of the histogram being in the range
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of 9–10 mm/d (Figure 5). The histogram distribution is positively skewed toward low ETc rates; however, for
image with higher ETc values, the peak of the histogram distribution moved to lower ETc values when
resampled using simple average aggregation method. These results are consistent with those reported by
Ershadi et al. [2013] who observed that the peak of ETc values vary with each aggregated resolution. They
suggested that this difference is due to the difference in SEBS and SEBAL (Surface Energy Balance Algorithm
for Land) models to predict ETc and difference in land use/land cover conditions. However, Hong et al.
[2009] observed that the peak of the histogram of ETc increased by 10–15% with simple average aggregation. The ranges of ETc for both resampling methods vary with aggregation resolution; however, the mean
values of the resampled images approximately remain the same across all resolutions for both days. Maintaining the consistency in mean spatial ﬂux is important at MODIS level resolution, since the ability to identify crop speciﬁc distribution is limited when the length scale of the surface heterogeneity is less than the
sensing resolution [McCabe and Wood, 2006]. The SD decreased when resampled using simple average
aggregation with a total reduction of 24% and 18% from 30 to 990 m spatial resolution on 30 May 2009
and 2 August 2009, respectively. However, no change was observed in SD values for nearest neighbor
method. The nearest neighbor resampling method is based on the location of the central pixel, which
changes with the increasing pixel size, hence the values of resampled image remain restricted to the original image, which result in the blocky pattern at coarser resolution. Similar reduction in SD by simple average
resampling approach was observed by Hong et al. [2009] who reported reduction of 9.7% and 9.0% from 30
to 1000 m resolution, respectively. Many hydrological process models require input parameters over a large
area. On regional scale, direct averaging technique of input variables has often been used to generate the
regional-scale model input parameters [Croley et al., 2005; Maayar and Chen, 2006]. However, it is important
to note that the SD of the data set decreases with aggregated resolutions, therefore, users need to check
the sensitivity of the range of the input variables of the model prior to applying direct averaging for data
aggregation.
3.3.2. Pixel Scale Error
To quantify the error associated with the output ﬂux aggregation at pixel scale, each aggregated pixel was
compared to the original 30 m pixel located within; e.g., pixel values of each aggregated resolution were
compared to the n 3 n set of 30 m pixels from which it is comprised of. The mean absolute difference and
percent relative mean difference were calculated at each resolution as compared to the original Landsat
image on 30 May 2009 and 2 August 2009 (Table 2). Absolute difference values were calculated by subtracting the aggregated ETc values from original (native) Landsat 30 m ETc values and percent relative difference
values were calculated by dividing the absolute difference by the native 30 m Landsat ETc values. For all
cases, mean absolute difference and SD increased with the pixel size due to the mixed pixel effect of underlying heterogeneous surface. Since aggregation tends to average out the small surface features, the difference between aggregated imagery and the original ﬁne-resolution imagery increases with aggregation
levels. The absolute mean difference for simple average and nearest neighbor aggregated methods on 30
May 2009 ranged from 0.24 mm/d (SD 5 0.18 mm/d) to 1.13 mm/d (SD 5 0.61 mm/d) and 0.29 mm/d
(SD 5 0.40 mm/d) to 1.35 mm/d (SD 5 0.88 mm/d), respectively. Slightly higher differences were observed
on 2 August 2009 for both up-scaling approaches (Table 2) which can be explained by much higher ETc rate
in the August image than those in May. For both days (May and August), higher percent relative difference
was observed for the nearest neighbor aggregation method with a maximum of 34% and 20% at 990 m
resolution, respectively. This implies that simple average resample method can generate less error at pixel
scale and can be used for aggregation purpose. Mean relative error between up-scaled image using simple
average and nearest neighbor resampling method at 480 and 30 m original Landsat image were also compared with the mean relative difference between original Landsat and MODIS image at 500 m spatial resolution. On average, a small difference was observed for both resampling methods on 30 May 2009 and
2 August 2009, respectively. Similar results were observed by Moran et al. [1997] who reported small change
in land surface temperature, but larger error associated with sensible heat ﬂux at coarser resolution over a
heterogeneous surface. Another study conducted by Su et al. [1999] observed the error of 10–30% in evaporative fraction when aggregated to 1184 m.
3.4. Input Aggregation Effect
3.4.1. Image-Scale Error
In input aggregation procedure, the Landsat input radiances were aggregated to lower resolution, from 60
to 990 m, and then processed in the SEBS model. No difference in ETc was observed between output and
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Table 2. Output Flux Aggregation Pixel-by-Pixel Scale Absolute Mean Difference,
Standard Deviation (SD), and % Relative Difference Between Landsat (30 m) and Simple Average and Nearest Neighbor Aggregated ETc
Simple Average
Mean
Resolution (m) Difference
30 May 2009
60
90
120
150
240
360
480
600
750
900
990
2 August 2009
60
90
120
150
240
360
480
600
750
900
990

SD

Nearest Neighbor
% Mean
Relative
Mean
Difference Resolution Difference

SD

% Mean
Relative
Difference

0.24
0.25
0.33
0.47
0.60
0.64
0.96
1.03
1.06
1.10
1.13

0.18
0.23
0.28
0.37
0.47
0.49
0.58
0.54
0.50
0.48
0.61

6.1
6.3
8.3
11.9
15.2
16.2
24.2
26.0
26.7
27.7
28.5

60
90
120
150
240
360
480
600
750
900
990

0.29
0.26
0.50
0.53
0.80
0.95
1.00
1.01
1.12
1.16
1.35

0.40
0.38
0.61
0.69
0.63
0.68
0.71
0.77
0.80
0.83
0.88

7.4
6.7
12.5
13.5
20.2
24.0
25.4
25.6
28.3
29.4
34.1

0.28
0.32
0.36
0.41
0.63
0.77
1.05
1.08
1.12
1.19
1.23

0.21
0.24
0.32
0.36
0.52
0.51
0.64
0.63
0.55
0.60
0.69

3.6
4.1
4.6
5.2
8.1
9.9
13.4
13.8
14.3
15.2
15.7

60
90
120
150
240
360
480
600
750
900
990

0.31
0.27
0.52
0.55
0.86
1.03
1.09
1.11
1.20
1.28
1.54

0.48
0.38
0.53
0.67
0.71
0.69
0.80
0.79
0.83
0.88
0.91

3.91
3.45
6.70
7.08
10.98
13.16
13.91
14.24
15.40
16.39
19.75

input aggregation when applying
nearest neighbor. Hence for this
study, only simple average resampling method was used to aggregate Landsat 30 m radiance. To
examine the impact of scale, the
key input used in the SEBS model
such as NDVI, surface temperature
(Ts), and sensible heat ﬂux (H)
were also analyzed at each aggregated resolution and inﬂuence of
the aggregated input on ﬂux
retrieval were discussed. The loss
of spatial pattern with decreasing
spatial resolution was considered
as the error associated between
original Landsat images (30 m)
and the coarser resolution image.
The loss of spatial detail is evident
with the aggregation from 30 to
990 m; however, the loss of signiﬁcant spatial detail is apparent from
240 to 990 m. At 990 m pixel resolution, the spatial variability in
NDVI, Ts, H, and ETc images were
dramatically reduced and spatial
structures in the landscape are
obscured (data not shown).

Relative spatial mean values at each aggregated pixel resolution for NDVI, Ts, Rn, H, and ETc for 30 May 2009
and 2 August 2009 images were quantiﬁed (Figure 6). The relative spatial mean was calculated by dividing
the aggregated values by the original 30 m Landsat values. On 30 May 2009, no change in NDVI values was
observed at aggregated resolution. On the other hand, small change was observed on 2 August 2009 and
this increase is more evident at spatial resolution of 240 m and coarser resolutions. This increase is due to
the high values of NDVI on 2 August 2009 showing the effect of land cover on ETc. The relative spatial mean
for Ts increases with spatial resolution on both days. This increment in Ts results a small increase in Rn on
30 May 2009; however, on 2 August with the increase in relative spatial mean for Ts, a decline was observed
in Rn. The variation in Rn over the aggregated scales represents the variation of aggregated albedo and
emissivity values that have an effect on image-scale average value of Rn. Similar small increasing and
decreasing trend was observed in G on 30 May and 2 August (G was calculated using the empirical relation
(equation (4)) using NDVI and Rn).
The relative spatial mean value for H decreased with increasing resolution on 30 May 2009 as compared to
increasing trend on 2 August due to the combined effect of wind speed and aggregated roughness properties of the surface (zom and zoh) on both dates. Wind speed and air temperature used in the SEBS model are
constant over the study region; however, land surface parameters are derived using Landsat image, and
using the SEBS model can cause the variability in H. This relative spatial mean difference in Rn and H with
the resolution results in the ﬁnal increasing or decreasing trend in ETc. Opposite to H, a decreasing and
increasing trend in ETc was observed on 30 May 2009 and 2 August 2009, respectively. However, the magnitude of change in H and ETc was not the same on both days due to contribution of other factors used to calculate ETc.
3.4.2. Pixel Scale Error
To evaluate the effect of input ﬂux aggregation at pixel scale, each pixel value of aggregated resolution was
compared to the n 3 n set of 30 m pixels from which it is comprised of. Mean absolute difference and percent relative mean difference were calculated for each case and the pixel scale errors in NDVI, Ts, Rn, H, and
ETc at each aggregated resolution are presented in Figure 7. For both dates, relative error in Ts and Rn was
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Figure 6. Image-scale relative spatial mean for NDVI, land surface temperature (Ts), net radiation (Rn), sensible heat (H), and daily crop
evapotranspiration (ETc) at input aggregated spatial resolutions on (a) 30 May 2009 and (b) 2 August 2009.

less than 10%. Pixel scale percent relative error ranged from 10% for 60 m resolution to 30% for 990 m resolution for NDVI on both dates. Higher pixel scale relative error was observed in H and ETc with maximum
error of 42% observed in ETc as compared to 25% in H on 30 May 2009. On an average, with every increase
in 30 m resolution, percent relative error increase by 0.82, 0.02, 0.50, 0.22, and 0.47% for ETc, Ts, H, Rn, and
NDVI, respectively. However, on 2 August, higher relative error of 60% was observed in H compared to 26%
in ETc. Contrary to 30 May, lower range of 30% incremental error was observed on 2 August 2009 in all cases
expect H. The average increase of 0.44, 0.03, 1.36, 0.09, and 0.23% was observed for ETc, Ts, H, Rn, and NDVI
with every 30 m increase in spatial resolution from 30 to 990 m, respectively. This higher error in H might
be due to the difference in surface roughness parameters on both the dates at aggregated resolution. The
spatial distribution (not shown) of relative error for H and ETc illustrated that the errors were related to the
variation in land-use/land cover characteristics. Higher error in H and ETc corresponds to transition zones,
such as area near Platte River riparian zone, roads and transition zones between the agricultural ﬁelds and
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near cities, where land surface
changes with the pixel scale (Figure
1). Higher error was observed in H
and ETc as compared to the Rn and
Ts, which indicates the importance
of aerodynamics resistance parameterization in ﬂux estimation, which
is related to the surface roughness
components (zom, zoh) at aggregated scales. Careful analysis has
shown that the mean and standard
deviation of absolute difference
and relative difference from output
up-scaling with the simple averaging map are smaller than the one
from input up-scaling (Table 2 and
Figure 7). Also, the simple averaging method generates smaller
absolute difference and relative difference than the nearest neighbor
method. This implies that the ETc of
the original Landsat images seems
to be better preserved with output
up-scaling than with input upFigure 7. Pixel scale percent relative error for NDVI, surface temperature (Ts), net radiscaling. Also, it is also important to
ation (Rn), sensible heat ﬂux (H), and daily crop evapotranspiration (ETc) across input
aggregated spatial resolutions on (a) 30 May 2009 and (b) 2 August 2009.
note that the mean aggregated ETc
at different resolution using the
output ﬂux aggregation procedure does not equal to the ETc values obtained from the input aggregation
at same resolution due to nonlinearity in SEBS algorithm [Su, 2002]. For example, slightly higher error was
observed in case of input upscaling using simple average from output aggregation with simple average.
Results presented here are consistent with Ershadi et al. [2013], they reported low pixel scale relative error
of less than 5% for Ts and available energy (Rn – G). However, for ETc, they reported relative error ranging
from 20% to more than 40% at 960 m spatial resolution for ETc due to decrease in aerodynamic resistance
at coarser resolution, which originates from the change in the roughness length parameters of the land surface due to aggregation. Moran et al. [1997] reported a higher error of 50% in H when aggregated to low
resolution. They reported that error in aggregation of H was highly inﬂuenced by the heterogeneity of the
land surface characteristics.

3.5. Scaled-Up MODIS ETc
In order to evaluate the performance of up-scaled image using simple and nearest neighbor resampling
method, we compared the up-scaled aggregated ETc image at 480 m pixel resolution with the original
SEBS-derived MODIS ETc at 500 m spatial resolution. Comparisons were made with the output ﬂux aggregation using both resampling technique and input ﬂux aggregation for simple average for 2 August 2009
image. Lower mean absolute difference and relative difference of 1.04 mm/d (SD 5 0.76 mm/d) and 13.4%,
respectively, were observed for simple average output up-scaled ETc image with the original MODIS image
at 500 m resolution. On the other hand, higher difference of 1.53 mm/d (SD 5 0.95 mm/d) and relative difference of 20% were observed when compared with the nearest neighbor resampling method. Comparison
with input aggregated image using simple average revealed a larger difference of 1.56 mm/d and relative
error of 22%. No difference between output and input up-scaling is found from the nearest neighbor aggregation method. Our results indicate that the output aggregation using simple average aggregation method
provide closer representation of ETc at 500 m MODIS pixel resolution than the nearest neighbor resampling
method.
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4. Summary and Conclusions
Signiﬁcant progress has been made over the past two decades in satellite-based ETc monitoring where it is
operationally and economically feasible in providing large-area ETc information at accuracies and spatiotemporal resolutions required for many practical water resource applications. However, spatial resolution of
remotely sensed ETc and other energy balance ﬂuxes depends on the speciﬁcation of satellite sensors, for
example, satellite-based ﬂux retrievals is tempered by the frequency of their return rate. For practical purposes (i.e., irrigation scheduling/water allocation), high-resolution ETc image (e.g., Landsat) can provide
adequate information, but in many cases are not easily available due to low temporal variability, cloud
cover, and high costs. On the other hand, an estimate of a daily ETc from MODIS cannot consider the heterogeneity of land surface characteristics, which may result in potential error in ﬂux estimation. However,
MODIS would provide an extremely valuable data source for assessing current land and vegetation states at
regional scale. Therefore, it is crucial to understand the implications of coarse resolution retrieval of surface
energy ﬂuxes relative to ﬁne-resolution responses.

Acknowledgment
This study is based upon work that is
supported by the National Institute of
Food and Agriculture, U.S. Department
of Agriculture, Hatch Project, under the
Project Number NEB-21-155. This
study was also supported by the
grants from the Central Platte Natural
Resources District (CPNRD) under the
grant agreement 38484, Nebraska
Environmental Trust (NET) under the
project agreement #13-146, and
Nebraska Department of Natural
Resources (NEDNR) under the project
agreement #477. The authors express
their appreciation to USDA-AFRI,
CPNRD, NET, and NEDNR. The data
from this work are not publicly
available; however, users can request
data from Suat Irmak (e-mail:
sirmak2@unl.edu) for scientiﬁc
investigations. The mention of trade
names or commercial products is for
the information of the reader and does
not constitute an endorsement or
recommendation for use by the
authors or their institution.

SHARMA ET AL.

This study highlights the impact of spatial scaling of evapotranspiration and other energy balance ﬂuxes
using Landsat and MODIS images over heterogeneous surfaces in south central NE. Following the validation
of Landsat and MODIS ETc retrievals with measured ground data, a detailed analysis of input and output
up-scaling of surface energy balance ﬂuxes from 60 to 990 m using simple average and nearest neighbor
was performed. It was observed that Landsat has more preferable spatial resolution (30 m) to map and analyze ETc compared to MODIS (500 m), with regression model explaining 91% and 59% of the variability on
BREBS-measured ETc, respectively. Pixel-by-pixel comparisons showed an absolute difference close to
1 mm/d. This difference is mainly due to the underlying assumption of spatial heterogeneity, difference in
spatial, spectral and radiometric resolution between the Landsat and MODIS sensors. Aggregation results
revealed that the inﬂuence of output and input aggregation underestimate the ETc at coarser resolutions as
compared to original high-resolution Landsat image at 30 m resolution. Among all aggregation approaches,
output aggregation using simple average performed better than nearest neighbor by preserving both the
spatial distribution and the magnitude of ETc at the image (relative error < 10%) and pixel scales (relative
error 5–35%). Spatial variation of relative error illustrate that the larger relative error mainly occurred at transition zones, such as area near the Platte River, roads and transition zones between the agricultural ﬁelds
and near cities, where land surface changes with the pixel scale. Our analysis illustrated larger error associate to the input up-scaling (relative error 5 25–60%) as compared to output up-scaling using simple average aggregation approach. It was observed that the higher error was due to the changes in land surface
characteristics such as changes in roughness height parameters across aggregated resolution in SEBS
model. Comparison of aggregated ETc images and original MODIS image (500 m) revealed that simple average aggregation method provided a closer representation of ETc values at MODIS pixel resolution than the
nearest neighbor resampling method.
The results presented here illustrate the error propagation in ﬂux retrieval with the decrease in spatial resolution and difference in land use characteristics. Land surface heterogeneity is essential to understand the
scaling behavior and assessing the effect of the pixel resolution on the energy balance ﬂuxes. Future
research can follow the procedures presented in this study for different surfaces and conditions. Also, the
uncertainty analysis of aggregated input forcing data set at coarser resolution can be used to study and better understand its inﬂuence on the ﬁnal ﬂux estimation on various scales/resolutions.
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